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Think of your favorite trait in your
favorite organism. The chances are
that there is some genetically
determined variation in this trait
between individuals. Finding the
genes that underlie phenotypic
variation has become a major
pursuit in medicine, agriculture and
evolutionary biology [1], because
this information is crucial to
addressing questions such as why
some people are more susceptible
to a particular disease than others,
or how natural populations will
adapt to a changing environment.
A recent study by Yalcin et al. [2]
has used a novel combination of
approaches to identify a gene
underlying a quantitative trait locus
(QTL) with a subtle effect on
anxiety in mice.
QTLs are regions of
chromosome that contribute to
continuous variation, as opposed
to major mutations that cause
serious abnormalities. There have
been innumerable QTL studies
over the last 15 years which have
identified QTL for a variety of
traits in a variety of species. But
aside from a few early successes,
for example [3], this work is only
just starting to identify genes that
contribute to continuous variation
(for example [4,5]). One major
challenge is to map QTL with
sufficient resolution, that is, to a
region that contains a small
number of genes. A second
obstacle is to provide functional
evidence that variation at a
particular gene has an effect on
phenotype. Yalcin et al. [2] used a
new mapping approach to solve
the first problem and borrowed a
technique known as quantitative
complementation testing,
previously used with fruit flies [1],
to establish the functional
significance of one of the genes
within their target region.
Genetic Mapping
The variety of approaches to
genetic mapping can be
bewildering. But with all
methods, the resolution is limited
by recombination.
Recombination is the natural
crossing over between the two
copies of each chromosome that
occurs during meiosis; it is
important for mapping, because
it breaks down the linkage
between QTL and molecular
markers on the same
chromosome. The result is that
markers that are closer to a QTL
tend to show greater association
with the trait of interest than
markers that are further away. If
there have been many
generations of recombination,
only markers that are extremely
close to the QTL will show
association with phenotype.
Most QTL mapping projects
begin with crosses of inbred lines,
and so there are a limited number
of generations in which
recombination can happen. For
instance, in an F2 cross there is
only one generation in which
recombination can break down
linkage between QTL and nearby
markers. As a result, mapping
resolution is severely limited by
sample size. Some studies have
pursued this approach on a
sufficiently large scale to refine
the location of QTL to individual
genes, but this has required
sample sizes in the thousands [6].
In contrast, with an outbred
strain one can take advantage of
many previous generations of
recombination that have effectively
shuffled QTL and their neighboring
markers. The problem with
studying marker–phenotype
association in outbred strains is
that a given marker allele may be
located next to different QTL
alleles and vice versa. For
example, consider a single
nucleotide polymorphism (SNP)
consisting of two alleles, A and G,
right next to a QTL with two alleles,
high anxiety and low anxiety
(Figure 1). Some individuals may
have an A allele that, because of
the history of the population, is
located next to the high anxiety
QTL allele, whereas others will
have an A allele next to the low
anxiety QTL allele (Figure 1).
This is where the clever
method used by Yalcin et al. [2]
comes in. Rather than simply
analyzing the association
between phenotype and one SNP
at a time, they used the
haplotypes — sets of closely
linked SNPs — of commonly
used inbred strains to model the
origins of the SNP alleles in their
outbred population. They then
analyzed the association
between phenotype and the
inferred ‘ancestral’ haplotype; or
more accurately, the probability
of descent from each of the
inbred strains [7]. In the example
above, this approach would
distinguish between A alleles of
different origin (see SNP 2 in
Figure 1, for example).
At first it might seem like
magic to consider an outbred
strain to be a mosaic of
unrelated, inbred strains.
However, the analysis does not
assume that the inbred strains
are the progenitors of the
outbred line, but simply that the
inbred strain haplotypes are
representative of those of the
outbred line’s ancestors. This
seems plausible if one considers
inbred strains to provide
‘snapshots’ of the ancestral
mouse population. Furthermore,
errors in the inference of
ancestral haplotype will obscure
the association between
phenotype and haplotype, rather
than generate a spurious
association. The haplotype
analysis of the outbred strain not
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only identified a highly significant
association between anxiety and
a region of chromosome
containing one gene, Rgs2, but
also indicated that there were
two other QTL located nearby [2].
Quantitative Complementation
Testing
Genetic mapping identifies the
region that harbours the sequence
variant(s) underlying a QTL, but
does not necessarily identify the
gene(s) involved; the region might
contain multiple genes, and/or the
causative sequence
polymorphism might affect the
regulation of a gene located
elsewhere. Quantitative
complementation is one way to
test the influence of a particular
gene on phenotype, and has been
used with Drosophila [1].
The test requires a strain
carrying a mutation at a known
candidate gene (–), a strain with a
‘wild-type’ allele (+) and strains
carrying alternative alleles at the
QTL (for example, ‘high’ and ‘low’).
Preferably all of these strains have
the same genetic background,
apart from the known gene and
QTL. All four combinations of the
QTL and candidate gene (high/+,
high/–, low/+, and low/–) are
generated by crossing the lines,
and all individuals are measured
for the trait of interest. 
The analysis uses an ANOVA
with two factors: QTL genotype
(high and low) and mutation (+/–).
If the gene underlying the QTL is
not the same as the knocked out
gene, and the two genes do not
interact, then there will be an
effect of the QTL and potentially
of the mutation, but these two
effects will be independent and
the interaction between the two
factors will not be significant. In
contrast, a significant interaction
term indicates that the gene
underlying the QTL is the same as
the known candidate gene
(allelism), or that the two genes
interact (epistasis). However, this
test does not distinguish between
these two possibilities. For a
number of measures of anxiety,
Yalcin et al. [2] found a significant
interaction between QTL
genotype and mutation at Rgs2.
A Gene Underlying Variation in
Behavior
The above discussion could
apply to any sort of trait:
morphological, physiological,
behavioral, and so forth. Yalcin et
al. [2] examined anxiety,
measured as the amount of
activity and defecation in a
brightly lit, open arena (anxious
mice move less and defecate
more), and pinpointed Rgs2 as a
causative gene affecting this
trait. Rgs2 encodes a regulator of
G protein signaling [8] and so is
involved in second messenger
production. Given this biological
function, it is easy to imagine that
the allelic variation would have
diverse pleiotropic effects, which
will be an intriguing area for
future work.
Will outbred populations be the
future of QTL mapping? Not
entirely. Using this method to
fine-map QTL originally identified
in crosses between inbred strains
would be a risky strategy,
because variation among inbred
strains will not necessarily be
present in the outbred
population, and vice versa.
However, the same statistical
approach can be used with
heterogeneous stocks — lines
derived from multiple inbred
strains — which would almost
certainly contain variation
present between two of its
founding strains [7].
Quantitative complementation
tests also have their limits. This
approach requires a known
mutant of the candidate gene.
Currently, knockouts exist for only
about 10% of mouse genes,
although this situation may
improve in the future [9].
Furthermore, the interpretation of
the results is compromised if the
lines containing the mutant, wild-
type and alternative QTL alleles
do not all have the same genetic
background. Furthermore, it is
conceivable that the
complementation test might not
yield a significant interaction,
even if the QTL gene was the
same as the mutant, depending
on the additivity and dominance
of the QTL alleles. Despite such
limitations, these approaches will
no doubt help to provide evidence
leading to the identification of
more genes underlying
phenotypic variation.
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In all three kingdoms of life, DNA
double-strand break repair is
crucial for maintaining genome
integrity. Repair can occur either
by homologous recombination or
by non-homologous end-joining
[1]. In mammals, non-
homologous end-joining (NHEJ)
accounts for most double-strand
break repair. NHEJ requires that
broken DNA ends are recognized
and processed before being
rejoined by DNA ligase. The Ku
protein heterodimer plays a vital
role in these processes, by
bridging the DNA ends and
recruiting DNA ligase IV [1].
Unsurprisingly, Ku null mice
display a heightened sensitivity
to ionising radiation and, as
NHEJ is required for V(D)J
recombination, they also have
immunological defects [2].
NHEJ was originally thought to
be confined to eukaryotes, but
sensitive database searching
showed that certain bacterial
genomes had the ability to
encode primitive Ku-like proteins
[3,4]. Strikingly, many of the
bacterial Ku genes were found to
occur adjacent to open reading
frames encoding putative DNA
ligases (Figure 1). This genomic
co-localisation suggested that the
Ku and ligase proteins were likely
to interact functionally, if not
physically, to form a novel
bacterial DNA repair system [3].
This suggestion was quickly
confirmed by biochemical analysis
of the Ku and LigD proteins
encoded by the Mycobacterium
tuberculosis genome [5]. LigD is
an ATP-dependent DNA ligase,
one of three encoded by the
organism [6]. Like its eukaryotic
counterpart [1], bacterial Ku forms
a stable dimer in solution and
preferentially binds double-
stranded DNA ends. In addition,
Ku stimulates LigD activity and is
capable of recruiting LigD to DNA
[5]. Again, this parallels the
situation seen in eukaryotic cells,
where the Ku heterodimer acts to
recruit DNA ligase IV to sites of
DNA damage [1].
These in vitro results identified
the Ku and LigD proteins as
potential components of an NHEJ
pathway. To confirm this, the
functions of the two proteins were
analyzed genetically in both M.
tuberculosis and Bacillus subtilis
[5,6]. Deletion of the ligD gene
from M. tuberculosis significantly
reduced the ability of cells to
repair a linearised double-
stranded plasmid when compared
to wild type [6], while B. subtilis
cells lacking either Ku or LigD
were shown to be hypersensitive
to ionising radiation [5]. Taken
together, these results point to Ku
and LigD playing important roles
in bacterial double-strand break
repair. Now, details of the
mechanism of bacterial NHEJ
have been revealed by two new
reports [7,8].
Classical bacterial DNA ligase
enzymes are members of the
highly conserved NAD+-
dependent DNA ligase family [9].
All bacteria possess at least one
such ligase and studies on a
number of organisms have shown
that these enzymes are essential
for microbial cell viability [9].
Certain species additionally
contain a varying number of ATP-
dependent DNA ligases. Enzymes
of this family are characteristic of
archaeal and eukaryotic cells
(indicating that the bacterial
enzymes were most likely
acquired by lateral gene transfer)
and have a well-defined
catalytic domain.
As mentioned above, LigD is
one such ATP-dependent DNA
ligase, but there is more to this
enzyme than just the catalytic
domain (Figure 1). In the case of
B. subtilis, the ligase domain is
fused at its carboxyl terminus to a
domain that is related to a family
of enzymes whose members
display either DNA polymerase or
primase activities [3,10]. A similar
domain is found in M. tuberculosis
LigD, but this time the domain is
located amino-terminal to the
ligase domain, and is separated
from the latter by a short domain
with similarity to the exonuclease
III/AP endonuclease family [3,10].
In other species, the same three
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